Contact Force Estimation in the Wheel/Rail Interface for Curving Scenarios Through Regions of Reduced Adhesion
Introduction
The development of railway systems present an exciting opportunity to mechatronic systems engineers. Unlike aerospace and automotive industry the uptake of advanced technology in design, such as including disruptive methods [1] or intelligent condition monitoring [2] , is relatively low and the basic func-5 tion and layout of a railway suspension system is similar to that designed in the nineteenth century [3] .
Real-time condition monitoring is a relatively new concept adopted by the rail industry. Available commercial systems such as 'ORBITA' by Bombardier [4] and Alstom's 'Traintracer' [5] have been released and largely identify faults
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by collecting signals over time and using trend analysis coupled with expert judgement to identify faults. Embedding intelligence and modern fault identification methods into a bogie provides an opportunity to increase the effectiveness of such systems. This is a natural additional inclusion of a mechatronic solution as the fundamental function needs of high-fidelity sensing and computing 15 resources are inherent to design. Overall, Mechatronic solutions offer a more intelligent, efficient solution than the passive solutions are able to provide.
Although a fully mechatronic, intelligent system is some years away, ideas and technology that form a subset of this knowledge-base are available to be applied to in-service systems. A strong area of research is the use of model-based 20 estimators to identify system parameters in real time. A number of publications such as [2] , [6] and [7] present overviews of opportunities of available methods to the rail domain such as estimated the current parameter of suspension components. Use of these methods can better inform the overall health assessment of the asset and enable a transition from schedule-based to condition-based 25 maintenance.
One opportunity of model-based estimation is to identify the adhesion level experience by a rail vehicle during normal running. Rail networks are at risk of being subject to areas of low adhesion. These adverse conditions can be generated by a number of environmental conditions that can be difficult to 30 predict. Contaminants such as oil, rain, ice, condensation or compressed leaves can all contribute to low adhesion. Low adhesion can cause critical problems in traction and braking that can manifest in operational issues such as signals being passed at danger, or pessimistic network wide responses to mitigate for localised issues.
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A previous study of low adhesion at micro-slip [8] suggested that for low adhesion conditions the initial gradient of the creep slope and the overall saturation level is lower for reduced coefficients of friction. Preceding this study, [9] showed that for a simple vehicle model, it was possible to estimate the contact forces experienced at the wheel/rail interface. The reduction in the initial gradient of 40 the creep slope due to lower adhesion manifests as different vehicle dynamics to those experienced in good running conditions. The method presented by [9] uses the difference in these measured dynamic quantities to estimate the contact forces in the wheel/rail interface.
Further studies, [9] , have gradually included increasingly realistic test scenar-
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ios by extending the simulation model to a half vehicle with non-linear contact mechanics [10] , to industry standard high-fidelity multi-body physics models [11] . Each time, it has been shown that a good estimation of contact force is attainable across adhesion profiles using only a reduced order vehicle suspension model.
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tion of at-risk areas in order to predict problems. This could inform mitigation strategies to target specific areas to reduce the impact on national Autumn time-tabling (which is often conservative) caused by low-adhesion events.
This paper shows the efficacy of contact force estimation during a curve.
The method is applied to a high-fidelity, realistic, simulation of a rail vehicle to extend the study of [12] . A novel inclusion in this paper is the use of systems identification to approximate a linear, primary suspension model for use in a Kalman Filter.
Method
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The method used to estimate contact force used by [9] uses an extended
Kalman-Bucy filter [13] to evaluate sensor readings taken from a rail vehicle.
This research requires the generation of two distinct system models. As a real, in-service vehicle is not used in this study, a realistic simulation model is required. Such a model requires inclusion of non-linearities in both suspension 75 movement and wheel/rail contact mechanics. The simulation should also allow definable curving characteristics to generate a range of test data. The simulation developed is discussed in Section 3.
In addition, the Kalman-Bucy filter requires a reduced-order linear model to facilitate estimation. This model is designed to represent the lateral and The estimator is tested by providing sensor data from the simulation to the contact force estimator for a series of known adhesion conditions and curve profiles. The estimated contact forces is then be compared to those experienced in simulation and an evaluation of performance is made in section 5. 
Simulation Model
Simpack [14] is a multi-body physics modelling package and is used across different engineering disciplines to provide high-fidelity simulations of mechanical systems. This piece of software allows complex and cross-coupled non-linearities to be included in the system to accurately represent real-world systems.
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In this case, a full-vehicle model has been implemented in Simpack. The vehicle model generated is based on a high speed passenger vehicle and has been used in previous studies such as [15] . The main principle parameters used to define the vehicle are found in Table 1 
Wheel/Rail Interaction
An important aspect of the simulation model is the way in which the wheel/rail 110 interaction is addressed. It has been shown [16] that at low adhesion conditions appropriate non-linearities of contact are required to be included in the model to accurately represent system behaviour. The vehicle model uses a S1002 profile wheel, and a UIC60 railhead. From these profiles, the non-linear relationship of contact angle and rolling radii are calculated during the simulation. The simu-115 lation also includes track irregularities (i.e. lateral and vertical position, twist, variation in gauge width and cross level) typical of high-speed lines.
The creep forces due to creep are approximated using the Kalker Fastsim approach [17] , and allows for the changing contact patch due to the movement of wheel to rail. This method also allows an adjustment of creep force to be 120 made dependant on the coefficient of adhesion (μ) present. In this simulation, four different adhesion levels are selected that represent distinct operating conditions of rail vehicles. These are characterised in Table 2 . The condition where 
Simulation Model data
The vehicle in this simulation will be subject to a curving scenarios defined by the superelevation (cant angle) θ c and the curve radius R. The vehicle will undergo a steady transition from straight track running into the steady It can be seen that at lower levels of adhesion, the wheelset struggles to align itself to the steady state curving condition. This is anticipated as the contact forces are much smaller and are unable to easily overcome the straightening 140 action of the suspension components.
The high-quality simulation model developed here is a beneficial intermediary stage between simple linear models and real system testing for new tech- therefore provide a frame of reference that is not available on real vehicles. The variables captured from the simulation will be treated and analysed as if they were data captured from sensors on-board and a further benefit of simulation is that there is no real limit to the amount of data that can be captured. This therefore provides useful information on specifying sensors for in-service testing.
150
At this stage in development it is useful to assume that necessary variables are directly measurable.
These four test runs will provide the data required for generating the linear suspension model, as described in section 4.2.
Kalman Filter Development for C.F. Estimation
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This approach uses an extended Kalman-Bucy method to estimate the contact forces between the wheel and the rail. This method was introduced by [18] , and developed further using increasingly realistic simulations [9, 19, 11, 16] .
These investigations showed that the estimator was able to effectively attain the total contact force, but unable to differentiate between creep forces and section is to adjust the formation of this filter in order to enable contact force estimation during curving transit.
To populate the Kalman filter, is is required to generate a linear model of the system that takes the standard state space form:
The full description of the chosen states and parameters in order to estimate adhesion will be presented in 4.1.
The Kalman-Bucy filter calculates the updated estimates of the stateẋ using both the state-space description and an adjustment factor from the difference in system measurements, as described by
The method to be demonstrated in this section is concerned with measuring a minimal set of vehicle running dynamics and estimating the contact force between the wheel and the rail. Simpack is used as a simulation tool to provide realistic running dynamics for prescribed operating conditions. The running dynamics are then assessed by the Kalman-Bucy filter to obtain estimates of 175 the contact forces experienced between the wheel and the rail. As Simpack is a software simulation, a direct comparison between estimated and simulated contact forces can be made to assess the performance of the force estimation. As an aside, it is worth noting that this comparison would be some-what more difficult should an in-service vehicle be used as a test subject as this measurement 180 cannot be made directly. The simulation method therefore provides a useful middle ground to assess the efficacy of the estimation method.
Linear Plan-View Model Development
The model used to populate the estimator is founded in comparing the force balance equations of a single wheelset in the lateral and yaw directions of motion.
185
This section describes how this model is constructed using systems identification.
Consider the coupled differential equation sets that describe the mechanical oscillation of a wheelset in yaw and lateral position y w and ψ w
where F creep describes the sum of the lateral creep forces F yL , F yR on the wheelset. M creep is the resultant moment acting upon the wheelset due to the longitudinal contact forces on the left and right wheel F xL , F xR at the moment arm a, and is given by:
Other terms exist that could be included to describe M creep but it can been
shown that these are negligible in comparison to the moment induced due to 190 the longitudinal creep forces, even at lower levels of adhesion.
F g is the 'gravitational stiffness' (i.e. the resolved normal force due to the contact angles on the left and right wheel δ L , δ R and differential rolling radii r L − r R ) and is given by:
As the vehicle is transitioning through a curve of radius R and a cant angle
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of θ c , the wheelset is subject to centripetal force and a gravitational force due to cant angle. These are captured in the term F curve which is described by:
The lateral suspension force F sus and the yaw suspension moment M sus are the force and moment created by the suspension deflection due to the differential position and speed of the wheelset with respect to the bogie. The force and 200 moment are represented as generic functions of the wheelset and bogie dynamic quantities
Parameter Identification for Suspension Description
In order to complete the linear description of the wheelset, an expression describing the linearised suspension system in yaw and lateral motion is required
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In previous work [11, 16] this model has been produced from first principles (i.e. gathering the Newtonion and Euler equations that describe the system). In this case, systems identification will be used to obtain the linearised functions f s and f m .
Using this data-driven method to obtain the model can have an advantage 210 over the first principles methods. In low adhesion scenarios, the suspension deflection can be quite small and expose different operating modes to normal running. For example, the forces experienced may not be high enough to breakout suspension components from static friction [11] ; thus negating the component for this scenario. This method relies on a linear model that is valid across a 215 range of operating conditions.
The disadvantage of this method is that the model produced is tuned to the scenario from which the data is generated. Should the operating point change to an unfamiliar location, the identified model may not longer represent the current system dynamics.
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The parameter identification method used creates a regression model formed from the least squares minimisation of the error between a measured output variable, and the estimated variable as a function of defined states [20] .
The general form of the model generation is given by:
where Y is the time history of the output variable, and X is the time history of the state variables used to deriveŶ . Θ captures the derived coefficients of 225 the state variables and can be later used in a state model.
The estimate of the output variable can then be formed througĥ
This section will describe how the simulation outputs will be used to provide the measured output of suspension forces, along with a time history of the required states (in the form of lateral and yaw dynamics) in order to identify coefficients of state variables that relate the two.
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Consider (5) when re-arranged to make F sus the subject.
Using the variables output from the vehicle simulation, the terms on the right hand side of (14) are straightforward to ascertain using equations (8), (9) .
The difficulty lies in expressing F sus as it is a complex combination of terms (as defined in (10)) that may not follow the principles of linearity. However, 235 using simulation data and (14), a numerical solution can be obtained for the time history of F sus that was experienced during simulation.
Before parameter identification takes place, a simplification can be made to the state variables. The suspension force is due to the relative position and velocity of the wheelset to bogie. In terms of the stiffnesses and damping due to 240 only lateral movement, the variables of interest are not the absolute positions and velocity of the two bodies, but the relative motions of the two. This is not true for other terms as the geometry of the suspension requires that they are treated independently. To approximate F s us, the state variables are defined to
This now provides an expression for F sus in terms of the variables expressed in (10). Using the parameter identification method in (12) , and a time history of the required states from the simulation model, the resultant value of Θ F is shown in the application of equation (13): (17) As before, the right hand side of (17) can be generated directly from simulation data to provide a numerical solution for M sus . In this case, the suspension geometry does not allow for any combination of terms so the state variables required to be defined for M sus arê
Again, the minimisation of error is performed using (12) , and the resultant 260 value of Θ M is shown in the application of equation (13): 
Validation of linear model
To directly evaluate the linear suspension model, a comparison can be made between F sus (which is directly extracted from the simulation) andF sus , which is derived from the 'measured' position and velocities of the wheelset and bogie. sion levels can be found in Table 6 . Correlation is assessed using the Sprague and Geers method [21] . This method assesses a 'goodness of fit' for magnitude and phase independently, with a combined result provided. A score of zero represents perfect correlation, and a score of one represents no correlation. Table 3 : linear suspension model correlation for M (magnitude), P (phase) and C (combined) adhesions is smaller [11] . In these operating conditions more non-linearities 280 within the suspension are exposed (such as breakout forces) and therefore a reduction in the quality of fit to a linear model is observed. At the most extreme operating condition of very low adhesion these effects are most pertinent. The yaw moment appears to be a better quality approximation overall, apart from at the lowest adhesion level. 
State Model Definition
Now that F sus and M sus have been described, the state space description outlined in Equations (1) and (2) can be completed. The states are defined as:
where F yF and M ψF are the total lateral force and total yaw moment due to contact that act on the wheelset and can be represented by:
where minor terms have been neglected. They are included in the state vector as 'augmented states' as the full description ofḞ sus andṀ sus is not present within A k and B k .
The input vector u is defined as:
Although these are not controlled inputs to the system, they are defined as 295 such to exclude them from being estimated within the Kalman filter.
The output vector y is defined such that the wheelset position and velocity (in both lateral and yaw directions) are output. 
Using the results from the parameter identification, the matrices A k and B k are give as: 
The state space description is arranged such that when applied to the Kalman- 
The numerical solution for K is found by solving the Riccati equation in order to minimise the cost function defined by the weighting matrices Q k and R k , and is performed using the 'lqe' command in Matlab [22] .
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The contact forces are then obtained from interrogating the estimated state vectorx following a simulation inclusive of the Kalman-Bucy filter.
Contact Force Estimation during Curve Transit
The test vehicle simulation was subject to a different curving scenario to that used to obtain the linear suspension model using parameter identification, as 320 well as the original curve profile. The two curve profiles chosen are summarised in The transitions to these values occur over the same timebase as those highlighted in Figure 2 For each curve, the simulation was repeated for the four 325 different adhesion levels (μ) as described in Table 2 . Following the simulation, the dynamic quantities required were assessed using the Kalman-Bucy filter and the estimated lateral contact forceF yF and estimated yaw moment due to contactM yF were extracted from the time history of the estimated state vector.
The estimation results for curve 1 are presented in Figures 7 and 8 , and the 330 estimation results for curve 2 are found in Figures 7 and 8 . The Sprague and Geers correlation metric for each adhesion scenario of curve 1 is found in Table   6 , and those for curve 2 are found in Table 6 . 
Discussion
It is apparent from the results that contact moment is more accurately ap- introduced. These findings are similar in many ways to the straight track sim-340 ulation testing conducted previously [11] .
It is clear from the results that the system is operating in different characteristic ways for smaller μ than in higher adhesion scenarios. It could be argued that if the desire was to provide accuracy at low adhesion levels, then the suspension model could be identified at these conditions. This would sac- rifice performance at high adhesion conditions but could still be operationally beneficial, for example if distinguishing between 'low' and 'very low' conditions was important.
It can also be seen from the results that the overall level of yaw moment due to contact is reduced at lower conditions, and reasonably estimated to be lower 350 at these conditions. It seems reasonable that some inference could be made about the adhesion coefficient using yaw moment in curving as an indicator.
Conclusion
The findings from this paper are positive in that an estimation of contact formce through a curve is attainable. 
